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College Ranking Based on Pairwise Preferences 
 
Abstract 
This paper adopts the Bradley-Terry model and Newman’s community detection 
algorithm to infer students’ choice preferences on universities in the United States as an 
indication of school reputation and to determine influential factors for their decision-making. 
The framework of ranking is based on college cross-admit comparison data from Parchment, 
revealing the percentage of students choosing one school over another while receiving offers 
from both. Community detection is applied to identify different school groups in applications. 
We found that for high achieving students, school reputation outweighs geographical 
disturbance, while typical students prefer not to travel too far for college.  We also notice that 
colleges in California and New York are generally considered together with nationwide 
colleges rather than in a regional, local college network. 
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1 
 Introduction 
Going to college is a life-changing decision for most students, and  the school 
attended can drive one’s life in very different directions. School ranking is a helpful tool for 
students to decide where to apply and to make final decisions. Popular ranking methodologies 
today are concerned with a wide variety of factors, and assign different weights to different 
factors to obtain a final evaluation. While their methods to calculate scores for each factor 
can differ, the main factors concerned always include retention and graduation rate, social 
mobility, faculty performance, financial resources, and employer reputation. However, 
schools’ reputations among students are always neglected, though it is an important metric 
beneficial in learning how other students choose one school over another, especially during 
the final decision period. 
In this context, investigation into the school application pattern of past students could 
provide useful information for future high school students. By constructing a Bradley-Terry 
preference ranking out of the winning rate of one school over another, and at the same time 
detecting clusters of schools based on students’ application behavior, we obtain several 
ranked groups of schools. Several application behavior patterns are also identified for future 
students to adjust and reflect on their application process. 
 
Data 
The preference data is collected from Parchment, a widely adopted digital credential 
service platform mainly used to exchange transcripts between students and schools. The 
website claims to have “exchanged more than 30 million transcripts and other credentials 
globally” for “millions of people and thousands of schools and universities,” and have 
collected a database of over 2,044,079 acceptances at hundreds of colleges in the US.  
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 The data we use is from their well-known “Side by Side College Comparison”, where 
the user can choose two schools and see a percentage for each school as the revealed 
preference. For each school’s percentage, the denominator includes all members who were 
admitted to both of these schools. The numerator includes those students who chose a given 
school. A confidence interval at the 95% level is also represented, calculated by Wilson’s 
method: 
 
 
U​nreliable statistics, resulting from insufficient data size, are indicated. We crawled 
and curated valid pairwise comparisons for 839 schools, altogether 41296 pairs, including 
school names, winning rates and confidences. We then reversed Wilson's formula to estimate 
the total matchups between the two schools (number of students who were admitted to both 
of these schools and attended one of them)  and the exact number of students choosing one 
given school. 
The following figures give an overview of the dataset, namely “estimated matchups”. 
Figure 1 shows the log of the sum of matchups for each state, indicating the number of offers 
recorded in each state when it is not the only one for a student. Figure 2 exhibits the average 
number of matchups for each school in each state, excluding in-state matchups (receiving 
offers from the same state) and out-state matchups respectively. As exhibited, among all 
states, California and Michigan have the highest number of matchups. Also, it is easy to see 
that the average in-state matchup is much larger than out-state numbers, indicating that 
universities tend to make offers to students in the same state. 
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 Figure 1, Total Matchups in Each State 
Figure 2, School Average Matchups in Each State 
Next, we created an undirected network from the dataset for network analysis. In this 
network, each vertex represents a school, and if between two schools there exists matchups, 
an edge is created between the two vertices. Figure 3 illustrates the number of schools with 
which a given school has at least one matchup, counted as degree. It is revealed that most 
schools have connections with around 30 to 70 schools. 
Figure 3, Histogram of Number of Schools with Which One Has Matchup 
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 Among the schools, Texas A & M University has the largest matchup number, 794. 
We found that it is applied together with almost every other college for at least 20 students 
each. Following Texas A & M University are University of Washington, Columbia 
College-Chicago, University of Michigan, and Purdue University, with matchup numbers 
being 385, 332, 327, and 294 respectively. Except for Columbia College-Chicago, the other 
four colleges with leading matchup numbers are well-known flagship public universities, 
which are probably common choices in one’s application and also make a considerable 
number of offers. Note that Columbia College-Chicago, on the contrary, is a low-ranking 
private institution with a high tuition fee of $157,446. Its large matchup number probably 
results from a profuse willingness to set a low entrance bar and make more offers. According 
to Niche, its acceptance rate is 87%, significantly higher than 23% (University of Michigan), 
49% (University of Washington), 58% (Purdue University-Main Campus), and 68% (Texas 
A & M University). 
 
Methods and Findings 
A. Application of the Bradley-Terry model to obtain college preferences 
To understand students’ preferences when receiving multiple offers, we consider the 
Bradley-Terry model (Bradley & Terry, 1952). This model of paired comparison has been 
widely and effectively used in ranking stimuli from paired comparisons since proposed, 
especially in situations where it is difficult to quantify differences among the items. 
“Desirable properties of paired comparisons, in comparison with other rating methods, 
include the minimal constraints placed on the response behavior of individuals and the wealth 
of information that can be obtained regarding individual preferences as well as regarding the 
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 perceived similarity relationships between choice stimuli” (Satoshi Usami, 2010). In the 
Bradley-Terry model, the probability of choosing a stimulus ​i​ over ​j​ is expressed as:  
where θ​i​ is a positive-valued parameter which might be viewed as a representation of 
stimulus ​i​’s ability. It can also be expressed as: logit [P (​i​ beats ​j​)] = λ​i​ − λ​j, ​where λ​i​ = 
log(θ​i​).  
Many extensions of the Bradley-Terry model have been developed. For example, 
Davidson (1970) proposed a solution to situations where no preference is allowed; Causeur 
and  Husson (2004) introduced a 2-dimensional extension to eliminate the constraint of linear 
scale of merit and accommodated situations where merits are not transitively related.  Firth 
(2005) implemented the classical Bradley-Terry model in R and published his R package 
BradleyTerry​, which is adopted in this research. Figure 4 demonstrates the distribution of 
school preference scores estimated by the Bradley-Terry model. Table 1 compares the top 25 
schools produced by our model and the corresponding USNews ranking. 
Figure 4, Distribution of Bradley-Terry Score of U.S. Colleges 
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 Table 1, Comparison of Bradley-Terry Ranking and U.S. News Ranking for Top Colleges 
As can be seen from the results by our paired-comparison preference model, 
research-oriented universities, such as Massachusetts Institute of Technology, Stanford 
University, California Institute of Technology, University of California, Berkeley, University 
of Michigan gain more preferences than indicated in the USNews ranking. Two military 
schools, United States Air Force Academy and United States Military Academy, are also 
revealed to be competitive. Columbia University, a well recognized top university in most 
ranking systems, surprisingly, came out as not preferred in comparison to other first-tier 
schools, dropping by 10 places compared with USNews ranking. It is also worth noting that 
two liberal arts colleges, Pomona College and Swarthmore College, rank high by our model. 
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 As previously noted, research-oriented universities are favored compared with their 
USNews ranking, generally gaining more preferences from students. To explain such 
advantages, we consider factors influencing the college decision process, on the basis that the 
“core of college choosing is to attend a high quality college or university” (George, Suzanne, 
and Charles, 2001). Recently, Connie and Rahman (2019) identified the program, university 
reputation, employment opportunity, pricing, security, education and campus facilities, and 
location and peers as main factors affecting students’ choices. 
Table 2, Ranking Comparison of Top Schools and Their Best-Known Majors 
Table 3, ​Starting Salaries by Discipline for Class of 2018 Graduates 
(Data Source: Summer 2019 Salary Survey) 
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 Table 2 indicates that the favored schools tend to share  a common attribute in their 
most well-known majors: they all exhibit an advantage in some tech-based area such as 
engineering, physical science and computer science. As such majors promise more job 
opportunities and a better future income level (Table 3), we conjecture that the observed 
preferences in Bradley-Terry ranking are job-oriented. 
As for the United States Military Academy and United States Air Force Academy, we 
found that except for rivals against Yale and Princeton, students choose one of the two 
military academies over other colleges in 77% of comparisons. Such students tend to have a 
specific proclivity to a military type school  and probably have prepared for special 
requirements of such schools, so unless there is a competing offer from a world-prestigious 
university, the military academy stays as their first choice. 
 
B. Application of Newman’s community detection algorithm to identify school clusters 
To touch on comparable schools, we perform network analysis on matchups between 
schools to extract which ones are usually considered together during the application process, 
thus shedding light on student’s selection in alternative schools during application. 
Specifically, we apply the modularity algorithm (Newman, 2006) to identify community 
structures in the network using eigenvectors of a so-called modularity matrix, which is 
created from pair-comparisons between universities. This method detects modules in 
networks, defined as “groups of vertices with a higher-than-average density of edges 
connecting them.”  Newman (2006) approaches this problem by maximizing a benefit 
function over possible divisions of the network and defines the benefit function Q, named 
“modularity”, to be: 
Q = (number of edges within communities) − (expected number of such edges) 
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 This maximization problem can be written in terms of the eigen-spectrum of a matrix, and 
Newman (2006) proposed three matrix-based algorithms. The first is a method utilizing the 
leading eigenvector, which can only divide the network into two modules; the second is a 
generalization of the leading eigenvector method to extract information from eigenvectors 
other than the leading one of the modularity matrix; the last one extends the second method 
into a vector partitioning algorithm to accommodate negative eigenvalues. Subsequently, 
Newman (2006) proposed a repeated subdivision approach for detecting more than two 
communities to better cater to real-world networks, which often contain multi communities. 
However, Newman (2006) also mentioned that while this iterative method appears to work 
well in practice, a more satisfying approach would be to work directly from the modularity of 
the complete network. He commented on the standard technique of k-means clustering based 
on group centroids applied by White and Smyth (2005) and pointed out in future 
development, it might be a choice “if applied to the centroids of the end-points of the vertex 
vectors.” 
Figure 5, Distribution of B-T Score of U.S. Colleges After Community Detection 
Figure 6, Last and First 100 Universities in B-T Ranking and Their Community Belongings 
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 Note in Figures 5 and 6, top schools in Bradley-Terry (e.g. schools denoted by green 
circles) tend to cluster better than bottom-ranked schools, but overall, we do not observe that 
schools of similar rankings tend to cluster together. 
Table 4, Top Colleges in Each Community 
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 In the detected communities, it is observed that the best universities and best liberal 
arts colleges are clustered in one module (Group 3). This phenomenon agrees with the claim 
made by Bradshaw, Espinoza and Hausman (2001), that academically talented students have 
a tendency to take reputation as first concern. They describe the students interviewed to 
“enter the college selection process with predispositions as to the kind of colleges they would 
consider attending, not whether or not they would attend college, and these predispositions 
shape their later activities.” As they pointed out, “these predispositions include a desire to 
attend a prestigious college, a desire to enroll in a highly ranked academic program, and the 
expectation that they would receive significant scholarships.” Moreover, the first tier liberal 
arts colleges being in this cluster reveals that for high achieving students, college type is not 
outweighing school rankings, and they are willing to be flexible for the type of education 
received to accommodate their predispositions. 
Another identified community (Group 1) includes schools such as  University of 
Michigan, University of Notre Dame, University of Texas and Georgia Tech, mostly 
consisting of well-recognized public universities in the nation. A third group (Group 5) 
contains colleges that are either Christian or liberal arts colleges with an emphasis on the art 
industry.  
As can be seen in Figure 7, the location of school seems to affect students’ selections 
during the college application process. As denoted, members of the third module appear to be 
distributed nationwide; in contrast, the second community, whose Bradley-Terry scores are 
generally the lowest among all schools, also show a tendency of dispersing across the nation. 
In both graphs, California is the state with the largest number of schools in the community of 
application list, followed by Pennsylvania and New York. Compared with the overall college 
distribution, we can see that the three states have more colleges. The abundance of in-state 
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 choices are not restricting the students to stay at their residence but driving them to explore 
more on nationwide options, and we hypothesize that students in the three states tend to be 
more of “anywhere people” rather than “somewhere people.” On the other hand, it is also 
possible that the copiousness of educational resources in these states attract out-of-state 
students, and combined with ample job opportunities, the attraction level outweighs 
geographical concerns and tuition fee discount of staying at home. Overall, colleges in these 
states tend to be broadly considered with across-country universities instead of inside a 
regional network. In groups 1, 4, and 5, there are clearly centers of students’ choices: Texas, 
the Great Lakes region, and the South Atlantic region, respectively. In contrast to the first 
community, groups 4 and 5 are more concentrated around their respective centers. For 
example, group 4 centers around Michigan, Illinois, Wisconsin, Indiana, where there are 
large public universities (such as the Michigan State U, University of Illinois Chicago, U 
Wisconsin, and Purdue). . The concentration indicates that many students in these areas tend 
to consider a tighter range of colleges by putting more emphasis on their locations. 
Figure 7, Geographical Distribution of Colleges 
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 Overall, we conjecture that: for academically talented students, reputation is the first 
concern that outweighs school type and region; high school students in California, New York 
and Pennsylvania are more willing to consider schools far away from their hometown, 
compared with those in Texas and the Great Lakes region. Vice versa, colleges in California, 
New York and Pennsylvania tend to be more embracing for students nationwide and have an 
across-country charm. 
 
 
Conclusions  
In this manuscript, we start our study on students’ preferences in the college 
decision-making process by using the Bradley-Terry model to create a preference ranking out 
of pairwise comparison data from Parchment, and then apply Newman’s community 
detection algorithm on matchups between schools. The analyses suggest that universities 
possessing an advantage on Computer Science and Engineering are slightly preferred, which 
implies that such preference might be job-oriented. The results from community detection 
provides clusters of schools for students to refer to, e.g. looking at neighboring schools in the 
same group and understanding what other students with similar target schools would consider 
applying. The results also reveal that while high-achieving students would take reputation as 
first concern, typical students exhibit a tendency to consider schools not far from their 
residence. It is also suggested that students in California, New York and Pennsylvania are 
more willing to apply to faraway colleges, compared with students residing in Texas, Great 
Lakes region and other South Atlantic regions.  
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